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ABSTBICT . p 

.Tliis study t^^ed the ability of two seianti 
Bodelrs, £eature*coBparison • and netvo'rk, to ei^pJLain differenc 
inforaation processing tikes. The feature-coiparison lodel a 
tb^^t an-iteii*s Beading is held in seiautic Beiery as a set o 
char^act eristic and defining ^Mtures, while the network node 
that deaantic sesory is coaprised of hierarchically arranged 
superordipate and subordinate nodes. Each*Bodel Bakes differ 
-predictions about reaction tiaes for inforiation processing 
(retrieval and/or cosparison)' . After fourteen subjects pead 
that enumerated the charactei>ist ics and defining features of 
hierarchy of fictitious aniials and faailiarized theiselves 
hierarchy, they responded to 107 propositional statements ab 
animals' features and interrelationships. Sub j€<;ts'^r eaction 
responding' to the propositional statements were compared wit 
model's predicted reaction times. Besult^ show that n.|ither 
predicted reaction times accurately. A discussion of the ^es 
indicates that semantic memory is influenced by th^ form tha 
message *takes, by the external cues that a communicator pres 
by ^he vways that people -consciously order the messages they 
(Bl) 
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A crpt;cal comparison of the network. and . * • ' 

FEATURE COMPARISON MODELS OF SEMANTIC MEMORY 
t » , V 

f 

Introducti on s ' ,> . 

' M #1 

: t In the research 1itey*ature, long-term memory is typically divided into 

two categories--episodic and semantic. Episodic memory ^deaTs with an. individ- ^ 
uaTs unique, picture-like record^ of personal life experiences. Semantyl^ mem- 
ory retains words, their meanings and refer^ts, the relationships that hold 
among words and th^;;^j^es for manipulating words (Tulying & C|pnaldson, 1972,- 
p. 382-403). Thus, semaptic memory is^'^ integral part of all language^use. 
^t 'is the storehouse to which incoming language production is compared for 

V 

meaning, , ^ ♦ . . ' 

• The structure of semantic memory, or how verbal concepts are held in mem- 

) 

ory, must be understood before the qyestiorvs of retrieval and access (comparison) 
can even be broached. Two models of the structure of semantic memory, the , 
feature-comparison model and tbe network model , claim the allegiance of most of 
the recent researchers in this area, 

WorJc testing the utility of these two models has' neve" adequately controlled 
•for past associations between -the stimulus and' category* items presented in' 
experiments. Research testjng the network mode^as relied on intuitive judg- 
* . ^ment as the "controF for subject's representations of concepts in memory, 

Thase testing the feature-comparison model have used multiple scaling techniques 
, for thi^ purpose. 

It is our positipn that neither model can be carefully tested -without more 
rigorous control of subject's past associations between a stimulus and its 
target category. To this end,, we have constructed a fictitious hierarchical 
system of interrelated concepts that are not grounded in the pasts of any of 
' * our 'subjects. The system of concepts we designed was constructed to meet' the 
theory tes.ting demandis of both the featiire-comparisbn ^and the network model, 
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Stimulus-category pairings wefe-set-sup to test the predictive utility of 
c both models., . . * 

\ 

Literature Reviews-Feature Comparison Model • ^ 

Feature- coirpani son proponents (Bock, 1976; Rips, Shoban and Smith, 1975; 
Rips, Smith and Shpben, ' 1975; 5hoben, 1976; and Smith, Shot>en and Rips, 1974) 
ass^jme that an item's meaning is held in memory as a set of semantic features., 
These features fit into two classes: characteristic features and def.ining 
features. Characteristic features are, typical of an item but\^ot essential 
for its description (e.g. given the <|uestion : "Is a robin a bird?", -a char- 
acteristic feature of both robins and birds is that they can fly. Most » but 
not all, birds can fly.) Defining features are necessary for the inclusion 
of an item in a category (e.g. a robin has feathers and aV[ birds have feathers). 

As outlined by Smith, et. al. (1974), the feature-conparison model incor- - 
pdrates two, sequentfal stages of comparison. In. stage I, both characteristic 
and-defining features of an item'are compared to the, chari cterisitc and defiirfng 
features of th^ target category. If both the charactet-ist 1c. and defining 
features of both the item and category are judged "-sufficiently" (this word ' 
is never explicitly defined) s'imilar or diss'imi ^ar, a decision of membership • 
or nonRjembership is imme'dlately made. If there is some, tut not an over- 
whelming, similarity or dissimilarity between the' features, of an iteVand the 
features'-of its category, then the second-stage of semantic memory must decide 
^ for inclusion or nonincluston. In this second stage all defining features, 

. ■ * 

but no characteristic feature^s, are comfJared. After stage II a definite decision 
is made. ^. 

Although. the majority of research testing this model has been suppprtiye 
(Rips, et, al.T 1975), a recent studx by Holyoak and Glass (1975) produced \ 

. finijiiigs contrary to those predicted by the featur'e-comparison model. , As pre- 

- ■ • ■ • . i . ' ' . ■" 

vibusly stated, the featufe-coraparison model predicts that twd items very 

similar in terms of their characteristic features but not in tefms- of their 
• . . . ' - t ■ ■ 



def1n-ing features, would Activate the second stage of processing and that' 
a comparison o( two items that were, substantii^lly different would pbt activate 
stage II processing. Glass and Holyoak (1975) found the opposite to be true,. 
•These contradictions could be merel^^a function of the modeTs difficulty' in ' 

controlling for the number of past assoc|^^^^ 

experiment. 

LITERATURE REVIEW - NETWORK MODEL OF SEMANTlt MEMORY • * • 

Network model adherents (Collins and Loftus, 1975; 'and Collins and QuiTlian 
1969; 1970) postulate that^ semantic memory is* comprised of a network of hier- 
archicilly arranged superordi nate and subqrdinate semantic nodes. Properties 
of items and their ascendirrgly more general classes are assumed^to be stored 
at only one node ifi the hieracrchy. 

When a stimulus it^ is presented to a subject, a specific semantic node • 
is activated. The activation then spreads to related , nodes w.ith an .intensity 
that diminishes as it moves away from the original node in the semantic hier- ' 
ai#hy. The subject's reaction time (RT) for stimulus/category relations that • 
are true (e.g. Is a canary an animal?) is directly related to the number of 
sem^nttc nodes 'a stimulus must pass through prior to the final comparison node 
fcanaV^^-blrd- animal ) , Given a falsja-comparison instance (Dpes a canary have 
igills?)\a search-along a ):f iterial ' numjDer of p&ths Is init/ated until all-have 
'^beeh e^|J?^ted without a true indicant. Only after the subject has rejected 
"alT" '(he^re J[)olUns and Quillian, 1969, are vague) paths does he respond false.. 
Thus tire RT for false statements is "long but ^lighly variable" (Collins and 
ijutllian, 1969). As with the semantic feature model, .the. unknown number of ' 
p:?st associations (nodes to cross and paths to exhaujst). presents a major 
problem to this resear(i^/ ^ ' % ^ 

Collips and'Quillian (1975) attempted to finally resolve the feature com- 

4 « « 

parlson-model vs. network model controversyV That these attempts were n6t 
successful is evidenced by the ongoing* debatf a(id "further research In this area 
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(Bocl^P^; Shoben, »3976). ' ; * , 

Shoben (11976) comroented that any viable theory of semantic mentory must ' 
account for indi vidua V'meaxiings (past associaj:iQns) of words. The purpose 
of this study is to provide an/empiirical framework' by which past -associations 
can be controlled.. Thereby, the assumptions of each nxxdel can bg given a fair 
test. ' ' * . ' 

To control for a subject^ s fiast associations 6f word meanings, we have 
c,reated.6( fictitious category syst^ f or which our subjects cbn have no past 
associations. By so doing, the number and meaning of defining and character- 
istic features of an item (feature comparison model) and th'e number of accessible 
'Semantic nodes (network model) can both be hejd constant. 

' • This experiment was designed to determine which of the two semantit memory 
models would best predict RT. True and false prepositional statements were 
written such that each theory made different predictions for the same proposi- 
iional statement. ' ^ 

METHODS ^ ^ . 

Subjects : Fourteen subjects were used in this exp^r^lfient, seven male and 
seven female. They ranged in age from. 19 years to 26 years, \A11 subjects 
participated to fulfill a class requiriment. Although the number of subjects 
used is small, it exceeds that of the eight perso^ subject pool used by Xollins 
and Quillian^.(1969).^ ' ^ - ^ , . / ^ . ^ 

Materials : A hierarchical category system of mythic^.l animals ^ppi another 

\ 

planet was constructed and embedded in a story concerning the survival of the 
'Crew #f a 'downed space craft. The. characteristics and defining features- of the 
mythical animalSL were enufnerated in the story ^nd assiyiied to different hier- 
archical level^v Essentially, the subjects .in their roles, of downed spacemen 
were told they needed to Icnow the different animals and flfTeir properties in 
order to eat--and to avoid being eaten. The animal names were nonsense \5/ords 
of the type conson^t-vowel-consonant and consonant-voweUconsonant-consonant. 



.The features were descriptive', easily understood, English words. Table I ^ 

I 

provides this information in abbreviated form. Appendix D provides the 
enff re. story. 

TABLE 1 • ' ^ 

. ' ^ . zoK' • ' ; * ; , 

' ' * Hard skeletons • ' 

* LangerN^tian human beings ^ 

* Can move . 



MIB 



TUZ 



* A-^type of Zok 

* Orange backs 
angular 
live in treej 
very aggressive 
eat flesh' 
edible 
Pif * 



1^ 



A type of Zok 
Orange backs 
smooth-arced contours 
live in caves 
friendly ^ 
eat vege fasten 
nonedible 
Pram 



* A type of Mib 

* b\ue-belli6d 

* square bodf , 

* moves }{\ lazy swings 

Luk • 

* A type of Mib 

* Pink-bellied * 

* rectangular body 

* moves in quick jumps 



* A type of Tuz 

* red-bellied 

* round Tipdy 

* move in skips 

Selk 

*' A type of Tuz 
*^purple-bellied 

* oval-shaped body 



PLOT 

A type of Zok 

spiny-backed* 

angular 

live in forests 
avoid people 
eat flesh 
edible 
Rue 

A type of Plot 
striped sides 
black bady 
run gracefully 



Nar • 

* 'A type of Plot ^ 

* dottes sides 

* transparent body 



* jump from place to place t waddle sloWly 



Onis-hundred-seven propositional statements were devised to test set-set 
r.elationships and set-property relationships. The set-§et statements were of 
the type "A Pif is a Zok." *^et-property statements* were of the type "A Mib is 
edible." Sixty-eight of the propositional statements were true and ^thirty-nine 
of the propositional statements were false. The propositional state^nts. were 
constructed f^l lowing fhfe,proceiJures of Collins and Quillian (1969). \^ 

The 107 t)ropositionaT statements were divided into 17 experimental con- 
ditions. Eleven conditions covered true set-set and set-property relationships 
Six conditions covered false set-set and set-property conditions. This dif- 
ference in number of categories is inherent in the design as- it is impossible 
to write false propositional statements about the most inclusive^set in the 
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hierarchy. * ' ' 

Both the network model and the feature-compartsori mode] made predictions 
(often contradictory) about the proposUional stat^nts as we had written' 
them. Smith et. al. (1974) used the same conditions by which we set-up our 
category schema with one exception — they xJid not precisely specify tha number 
of characteristic and defining features shared by different ^tem^.in the sets. 
In the present study, in whijch we crjpated the features rather than relying on 
subjectis pre-existing memories, the number of like and unlike features were 
identified a prior.i. F/om this sca16 of s.imi1arity (e.g. 1/5 of features 
shared, 2/5 of features shared^ etc.), that degree of similarity necessary to 
force the execution of stage II processing (as* explained by the feat are- comparison 
model) could hopefully be identified. 

Apparatus : The propositional statements werfe typed on 4" x 6" plain-white cards 
and presented using, a tachistoscope. The' experimenter pushed a button which 
simultaneously .illuminated^ the card for the subject afid started a digital clock 
accurate to 1/10,000 of a/second! Once ttie subject had decided whether the 
propositional statement was true or false he pushed a response button which 
indicated his choice and simultaneously st-opped the 'dock. Reaction time (RT) 
calculations are extremely accurate when recorded us-ihg a tajchisto^cope in this 
ipanner. For this reason, tachistoscopes are often preferred to Cathoderay tube 
(CRT) displays in t^is type of experimental design (Lindsay & Norman*, p. SIO).*" 
Procedures : The subjects were instructed to»read the story about the animal 
kingdom of the alien plartet and to be very familiar with the materials f or *a 
memory, test. Si4)jects were given five days to. internalize the stimulus informa- 
tion. The experimenters 'did not provide the subjects wlih any specific memor- 
ization strategy! Subjects were allowed to memorize the informatton in any way 
they desired. * ^ * 

^AU subjects were required to meet a criterion level' of knowledgeableness 
abou,t the information given in the story. Subjects were asked to respond tc^ / 

■ . 8.. ■ ■ • 



v€rbany-'f)resen ted' prepositional statements simija/ to' those used^n the. 
>07 t6st sentences. All subjects demon^strated jChe knowledgeableness criterion 
within the same"^ period of time (approximately ten mini^es). After meeting 
the criterion, subjects rested fiv^- minutes before\ responding to the tachisto- 

scope pr^sentaUons of the sUtMen Ime.dMfely..J3XJjar.,M..JU^^^ 

subjects were given a- ter>- statement presentation* warmup to familiarize them^ 
with the tachistoscope and their response buttons* ' • ^ ^. 



Presenting the prepositional statements' required approximately fifty > ^ 
minOtes. This included a-ten minute rest pfuse half-way through' th^^st. 
The order of statement presentation was derived from a random numbers table. 
Th.is order >as reversed fot one-half of; the sutjjects.to cancel possible priming 
effectsr The procedures presented in this section were derived from those 
used py Smith, Shoben and Rips^(1974) and by Collins and Quillian (1969). 
Results . % 

Table 2 presents obtained mean reaction times (RTs) for each of the seven- 
teen categories (see Tabte 2). The obtained RTs Wfere compared' between categories 
following prediction^ from both the Network model *anyi the Feature Comparison ' 
model, the t-test was used to compare obtained RTs across categories. The 
p=.05 significance^level was used for^all statistical analysis. " . . ' 
Ne twork Model Predictions \ 

The Network model makes clear ^edictions for true set-set and true set- 
property relationships as a function of distance in the network hierarchy. As ^ 
distance between the semantic nodes in the hierarchy increases, RT H expected 
to increase. For example^ the RT fdv Sq-S^ true relationships should be faster 
than RT for S^-Sg true.relationships. No difference between RTs is predicted be- 
tween set-set or' set-rpi^i^rty relationships wherd the semantic nodes are equi- 
distant in the hierarchy. The "Network modef predicts that false relationships / 
• will .generate RTs that are longer and more variable than RTs for true comparisons 

Table 3 presents the directional predictions of. the Network model between 



Category 
t. 

^l-St True 
Soj-Sq True 



S2-S2 True 

S1-P2 True 

50- P2 True 

51- S2 True 
S0-S2 True 
Sq-Si True 
Sj-Pi True 
S2.=Zok - Sj=Mib, Tu^, or Hot 



RT 

/1 206 
.1311 
.1530 
.2030 
.2039 
.2104 
.2234 

.2986 

-3097 



TABLE 2 , 

Category 

^Q-^X . False 
^' Si-Si False 

Sq-Sq Fals^' 
Sj-Pi False 

So-Pq True 
Sq-Pi True 
• Sq-Pi 'False 

Sq-Po False 



RT' 

. 3241 
. -. 3285 
. 3403 
.3435 

• .3490 
.3666 

' 1.3714 

* .4326 



So=Pfif> Luk, Pram, SeH<, Rue, Nar 



P2= property stored at leyel So Pi= property stored at level 

Po= property stored at. level Sq . - ' v 

true set-set, categories (see Table 3). - ' ^ ^ 

It is important to notice that the first six predict.ions that support the 
Network nx)de1. may be explained by, pattern recognition (e.g. a Zok is a Zok) as 
wel] as by a hieragrchical merrpry 'structure dependent on cognitive economy (storing 
propertied- at only one level in the hierarchy). Those tests- we felt were critical 
tests of the Network ^no del are: 1) RT for Sq-S^ is less thAn Rf f or S0-S2, arid 
2^K\ for S1.S2 is less than RT for S0-S2. In the first instance our data 
cgntraindicated this prediction. In the-second instance the prediction was not 
supported at p«.05. . ^ 

Table 4 presents the directional predictions of the Network m^ftel between 
true set-property categories tsee Table 4). * 



Category 1 

Sq-Sq True 

^0"So True, 
Si-Si 'True 
Si- Si True 



S2-S2 True 
S2^'S2' True 
Sq-Si • True 
S1-S2 True 
S.1-S2 True 



RT 

.1311 
.1311 
.1206 
J 206 
M530 



TABLE 3 

Prlediction 

s less than 
s less than 
s 'less than 



.1530^ 
.2986. 
.2104 
.2104 



difference in Mean RTs 5 



•RT 

. 2 9 d6 '. ' " 
.2234 
.2986 • 
.2104 
\2234 
.ei04 
.2234 
.2234 
.2234 



Category 2 

50- S2 True 
Sq-Si True 

51- S^ .true 
SorS2 'True 
S1-S2* True 
SJ3-S2 ' Tr^ie^ 
S0-S2 True 



Statistical 
Relationship 



/ 



r 



# 



s 'less than 
s- less than > 
s less than 
s less than 
St less than ^ 

s less than .2234 ' SQ-S2 True 
gnif^ant at p= .05 * ; ' \ ^ 

#= difference in Mean RTs significant afp= .05 contrary t% prediction 
0= difference in Mean RTs not significant at* p= .05 * 

(see Appendix A for 't-test computations) * - 

' As Table 4 shows, results supported predictions onl^eight times 
at p=.05.i Irj three of the eight tests the^ predictions were contraindicated at. 
p=.05. Four of the eight tests gener/ted no support at p=.05. 

Table 5 reports False categories compared with the corresponding true 
categories (see Table 5). ' • ' 

Although Network predictions were supported at p=.05 only one of the four 
tijnes, in every comparison the Mean RTs for false cateccries was greater than 
the»Mean RT of trte corresppndir^ True category. 
Feature Comparison Model Predictions 

The Feature Comparison model predicts increas^es in Mean RTs as a function 
of "sufficient similarity or disrsimilalrity between ai\ item and its category." 
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* 

table: 4' • 


1 






Category 1 




. PreSiCtion 


.RT 


Category 2 ^ 


Stati 
Re Tat 


So-Po:^Trve ^ 


:;349b;*;^ 


is lets than . 


,3666 


So-Pi 


True , 


■ @ 




is less than , 


.2039 


^ .S0-P2 


True- ' 




Sp^Pj: True";- 




is J6SS than ^ 


.203f9' 


« • 

■ so:P2 . 


True 


' ■ # 


Si-Pi True ,. 


'.3097 


is less than \ 


.2030. 


S1-P2 


True 


# 


Si-Pi True 


* .3097 


. is l4s's"1*ati^ 


.3666 . 


So-Pi 


True 


* 


S1-P2 True . 


.2030 ' 


*is less than 


.2039 


.- S0-P2 


True 


■i 


S2-P2 True' ^ 


.*986 " 


is less ''than 


.2030 


Si-P2^ 


True 




S2-P2 True 


.1986 


i^ less than 


.2039 


' S0-.P2 


Tr.ue 




*= difference in Me^l^ 


si^ificant at p= 


.05 : 




/• 





#= difference in Mean RTs signifTcant^ at p=.05 contrary to predictions* 



0= difference in Mean Rts not significant at p-.O?.,* 
(see Appendix B for t-test cofnputations) 
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Category . 

SqPO True 

SqPj True 

Si?! True 

SqS]^ True 



RT 

, .3490 
.366^ 
,3097 
.2986 



■ TABLE 5 
Predict^n 

is less than 
is. less than 
is less than 
is less than 



Category 

#* 

SqPo False 
SqPi False 
SlP^ Fahe 
SqSi False 



RT 

.43216 
.3714 
.3435 
.3241 



^atis^al 

•Relartionship 



*= difference in Mean RTs significant at p=.05 
@= difference in Mean R^fnot significant at'p=.05 
(see^Appendix C fgr t-te$t computation) 



Those items which sKare all the properties of its category are reflected" in' 

vary fast RTs, l^ns which share no properties with its target' category al^o . 

ge*itfrate fast RTs. Ambiguous instances^ (e.g. is. a bat a bjfd?) should, be 

•Reflected in relatively long RTs,. . ' , , 

To* test, the FeatAJre CompariMn model we c^tegprized the data * 

,as a function of properties sHared betiSeen an item and its target category. 

Because of the construction of the stimulus item, only false relationships 
» * • 

could be' tested. on this^continuum of ^miVd ^ity. ^^^f ^^l^this should be noted' 
•and.constdered.a limitation of/the resu^ts^'fl^^HHwrable 6 ^presents' the data 
relevant to^test'inrg the feature comparison mddel (see Table 6). / 



TABLE 6 

Variable (i/j) where i= shared -properties. 

and j= unshared properties 

Variable 1 (3/9) 
Variable. 2 (4/8)^- 
Variable 3-(5/7) 

.VariaM^ 4 (4/4) • ' . • *' 

Variable 5 (5/3)^ , ' 
Variable- 6 (3/5) / . J. 

variable 7 [9/3)-. t, 



RT 




. In no 'comparisons did the difference in Mean RTs offer suppprt for 
Coij|pari^on 'predictions. at p=.05. ' ^ 



3414 
^18 

3214 
3285 
3182 
3693 
3297 

Feature 



Discussion 



As outlined in the results section, our data supported"^ neither theory in * 
' the most essential of the tests run. Thus, in the crit 'G^l*^comparison of^the 



two tl^eories, neither can be said (from our data) tt>be more useful than 'the 
other/ 



S,^A>. likely ^explanation for our results (i.e. contrary to prediction^UfS^botli ' 



models) is that the stimulus material was ver^ different f)rom that useif^y 



e™y 



Collins and Qutllian. (1969) anrf- -Rips, et al. (1975). If this explanation 

I' .' 

is accurate, then semantic memory may be structured Ijartly by the message ^ - 
received and partly by th6, communicative sel^^ing in which the message is 
transmitted. These structuring components are not part af either, the Network 
^deTof the -Feature comparison model. 

Feature Comparison and Network models' both postulate semantit memory 
as funttionihg below the level of. conscious awareness. For much of the ^ 
information that we hold in semantic memory, this assumption may well be Valid. 
it is (^Ifficult to trace a conscious component of tneaiting:, assig«ation to "Please 
pass the salt." * • 

However, all of our information and message exchanges are not so context- 
free. It is our position that people use conscious, strategies for the pro- 
cessing and recall of cejrtai^messages. This contention is supported in the 
work of DeVilliers (19)4rand Cpfer (1977). ; 

. Returning tO' an interpretation of ^our* results, our subject's semantic 
memory for the information may reflect conscious awareness in ,at least three 
areas: ^ (1) The structure of the message (i.e. how the information is inter- 
connected), (2) external processing cues or messaje atterraifors (e.g. exper- 
imenter's instructions about how to process the message), and (3) s^ubject's 
internal processing strategies that they consciously employed. ^ 

Evidence for the effect of external messaM structure comes in part from 
th§ subject's post-test comments ^3n the experime^l Thi(^teen.of the fourteen 
subjects rep\)rted that they drew tree-diagrams similar to the structure sug- 
gested by the Network model. The way the story was written (paragraphs indi- 
vidually dfevoted to the variouj families of ^reatures) aay have helped the 
subject's or.ganj^ the information in this wa^^^ ^ . , 

Externa^processrng cues were similar in some ways to those ised in the 
past studies reviewed. 'Message .receivers v/ere instructed that they would be 
tested on a given body of information and told to do well on the test. Thi§^ 



request by 'the experimenter may. have caused the subjectsj/to employ a strategy.' 
that jiyould insure a correct response, Spiro'(1975) and Cofer J1977]^argue 
that explicit instructions to process Information for a memory experiment 
ceiuses subjects to insolate the stimulus message from oVier memory Structures, 
This isolation may affect semantic memory. 

Several subjects reported that they consciously lised recal,! strategies 
for the experiment. Most obvious was pattern recognition. In every instance 
where the subject term matched the predicate term (e.g. AZok is ^ Zok) sub- 
jects imffiediately responded true as would be expected. ^ 

' A seconcLstrategy employed was one of inci usiveness^ Subjects reported 
that jf^ a Zok could move and all creatures were Zoks then all creatures could 
move. An inclus.i veness strategy effectively explains many of the results con- 
t»;^ry to those 6f the Netvrork mpdel. 

Finally, subjects may have used a' category scanning strategy. -A^ th^ 
number of properties^that described a given test question Increased, the RJ 

' . / % ' s 

also increased. • . * 

Given that this analysis is post h^, the conclusions graphed below are ^ 
tentative in oature (see Graph 1), Nonetheless, we feel that the data support 
puite well the contention that active, conscious strategies play a part in., 
structuring semantic -information in memory. As shown pattern matching is clearly 
the best strategy. Inclusi veness is also effective and explains well the 
results that contradicted the Network predictions. Category size also appears 
to impact the resul^^ slightly; in general as t:ategory size increases, RT 
increases. 
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Graph 1 (refer to'^Table 2 for notation) 
MEAN RT in Seconds ' ^ 

.1 .2 ' ' .: 



f 



Sq-Sq 
S2-S2" 

S0-P2 



>- 

00 



'0 



S Sq-Si 



§ Si -Si 



.1206 



.1311 



,1530 



Pattern 

Matching 

strategy 



;2030 



^4 



.2039 . 



.2104 



.2234 



7^ 



Inclusiveness 
Strategy 



.2986 



-.3097 



J 



A 



(F) 


.3241' 


t 










(F) 


.3285 












(F) 


.3403* 






* 




4 


(F) 


.3435 


'■ _ 


/ 








(T) 


.3490 










4 


CT) 


.3666 ' ■ 


/ VP 








\ 


(F) 


.3714 






• 






(F) 


.4326 
















^ — r Ik 


J 


$ 




> 



Category 
Scanning 
Strategy 



-15- 



In sunfmary, semantic 'memory-- the matrix, to which incoming messages ^. . 
are conpared for meanTng--seems to be influeJiced by: (1) the form that 
the message' takes, (2) cues external to the message as presented by the 
communicator (e^g. contradictory nonverbal cues)/,and (3) ways that people 
consciously order the messages they receive as. a function of the cont^t 
* in which they are communicating (e.g. the meaning'of "reliability" is 
different in a conversation between two methodologists as compared to the * 
conversation between a, paperboy and a subscriber). Further research is need 
to better determine the active, conscious role of the individual as h^ or 
she is engaged jn the use of language.^ 
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*" . • - mtmx o ■ " ^ . . - 

, , , LAST DAYS ON CQRINTHIAN \ . • ' « 

And as the cloud of ruat-red*-tlust wigulfed the tiny spaceship cutting 
off , 'further 'Radio contact. Cruise Control ''in, Dallas .^ard these closing words 
"Mountains, ^es^ and rivA,' the air seems breathable; but the light— 
-everything is bathed in. pale bju^l" • . 

"Well,' we*re al iye," itiutterdjl, the captain of the downed Agamemnon- , 

"but the engine's nothing but .stellar scrap." "Wherie's the biolagist Bower,'', 

' ' ' ' ' '■ 

he thought. "Mj^ht" as well begin classifying .the Jife here--if there is any. 

Two .yeiars later wheh the rescue sljip ffnal-1 /arrived from earth, they 

,-. .» . '»'•,•;•*' \-. • . .. V • ' >, . • 

■ Ipcate'd^ Jbhe Agamenrindn ,''pterffectl y vpr&$e-rv>d .'" 'But irisi de the ship three men 

' ' ■ - •' ". ' .'. • , ••*•,-■'■, 
didn't. move", feaeh'one' s.lips.'? ightly tihied.-bTue. VBen^ath the pen of-,bio- 

logist power'in sii^Rle, el eaant script >*ere -the wor^: "IthasN^ed. Khow 

these creature^' VglT;-.j£ could sa\^6.yoijr'life..'". Wd turning the pagl^ 

the bWTdgi St! s 'journal ,..ttie"cafJt9,i*n of ttie residue s[}ip rJad the following 

classif1c^itl^n*'0f. tbe li'ffe 'forms .foupd on the f^l^net Corinthian: 
' •' ■ . • / '-. „ '.v 

; "thesfe creatures I' .will calT^ them 2oks a-ll.'havg hard skeletons,, are 

»mueh biager'-thari'-human things/, aniJ' can*, move about, t+ieir environment. Mibs 

arl a icijid, of j^jftba^t. eat .flesh. All Kibs >have orange backs and appe'ar^ 

very aa^ular' to- "the;;Obs|rveV. -They.^ive in trfiBS." If you happen to look 

up and see a'bliie-beUieU. squai'e -crea'tbre moyiog' ip lazy swijig's through the 

^ ^ ■ ■ • '. 

trees' beware for this' is ,a'ptf:" Pifs' are >a \€ry'agressive category of Mib^. 

Perhaps ar)' even more, dangerous type .of Mib-is the Luk^. .. Luks -'have pink ^ 

bellys, are rectangular Irj sHape anc|, can jump quickly through theJ^ees. -f 

-Bo^h' P'ifs and' Luks .are very agressive.. A11^iJ?s are. de^ ic.ious fo^d for human 

beings. • ^ 

Tgzs ivive ip caves. Tuzs haye prange backs, are ident.ifiatle by theU 



e ■ • 

J. 



smooth-drced contours and eat vegetation e There are contours and, eat, . 
vfegetfttion. There* are two kiilrfs of Tuzs—Prams and Selks : Prams a^e . 

• red-Jt>ellied, round, and move across ^the land light^yMn skips and are very 
^ friendly. Se>ks ar^ purple-bellied, oval-shaped and jump from place to ^ 

* place. They are also fr4endly.but they are very shyVor being <a Tuz^. 'None 

—of the Tuzs, neither Prams . or SeTks, are edible by human beings. 

. . . . ^ i 

Flots lare the third ty"pe of Zok. • They sre s"p.iny-backed , live in forests 
. land are f^sh-eaters. All Plots avoid, people and are very angular in appear- 
ance. Rues »are one^ind of Plot . Rues have striped sides, blaek bodies 
and run graeefully aeross the qrouiyl.^ ^es are eci4ble by/people "and^ have 
f deli eate flavors Nars. are the 'other kthd of plot. Nars have. dotted ^ 
sides,' transparent bod-ies, and waddle slowly amongst the trees. While edible 
like all Plots, Nars are virtually tasteless." 

■ The journal- entV-y elosed with: ' "My work is now e'ompleted; learn these 
ereatures well.. You'll be living with them until the end ^af your days.- 
Look up trfto the pale blue light and remember the lovely red you saw looking 
,^^wn. -You have entered a time warp and cannot return. Learn the'Zolte,, and-^ 
the subcategories of Zoks for they are your 6nly SDurce of food; and of . 
"danger. Some can offer you friendship, others a battle for. your life. Take 
this test' to measure your Tikelihood of survival. Then. go out into the strange, 
blue light of Corinthian— and good luck.'' . ^ ^ * 



Space Biologist William A. Bower 
SJtar' Ship Agamemnon 
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